While mesoscale models have a strong utility in severe convective weather forecasting, errors or biases in these models can hinder their ability to resolve environments conducive to convection, and may alter forecasters' perception of the probability of severe weather. During the 2012 spring convective season, a low bias in both low-level moisture and convective available potential energy (CAPE) forecasts were observed at six locations across the Great Plains in model forecasts from the Rapid Refresh (RAP). These errors may be attributed at least in part to the planetary boundary layer scheme and the assimilation of surface conditions of the RAP, and tend to occur in fairly dry, well-mixed environments. Forecasters should be aware of these errors when determining the likelihood of severe weather in such environments, and should compare RAP solutions to other model output with differing configurations, like the experimental RAP (RAPv2) run at the Earth System Research Laboratory, the High Resolution Rapid Refresh (HRRR), and locally run mesoscale models.
Introduction
In anticipation of severe convective weather, forecasters often rely on model forecast soundings and derived parameters to determine both the likelihood of convective initiation and the potential severity of any storms that develop. Model solutions are highly dependent on the data assimilation scheme, physics, and parameterizations used; thus, forecast soundings and their derived parameters can vary greatly between differing numerical model configurations. On 1 May 2012, the National Centers for Environmental Prediction (NCEP) implemented the operational Rapid Refresh (RAP; Benjamin et al. 2007 ) model, which is a replacement for the Rapid Update Cycle (RUC; Benjamin et al. 2004) model. Due to its relatively high spatial and temporal resolution, the RAP is potentially a useful tool for severe convective weather forecasting, and is also used to create the Storm Prediction Center (SPC)'s mesoanalysis graphics (Bothwell et al. 2002) ; as a result, it is important for operational forecasters to know how the RAP performs in preconvective environments. This study examines the performance of RAP forecast soundings and instability parameters during the 2012 spring convective season, and seeks to identify environments and situations which may lead to particularly poor model forecasts. 
Data and methods
To evaluate the performance of the RAP, 12-and 6-h model forecast soundings from the 1200 and 1800 UTC model runs (respectively) were compared to 0000 UTC soundings from six rawinsonde locations: Rapid City, South Dakota (KRAP), North Platte, Nebraska (KLBF), Omaha/Valley, Nebraska (KOAX), Dodge City, Kansas (KDDC), Topeka, Kansas (KTOP), and Norman, Oklahoma (KOUN; Fig. 1 ). All 0000 UTC soundings from these locations between 2 May-15 July 2012 were filtered using the following criteria: 1) 100-hPa mean-layer convective available potential energy (MLCAPE) greater than 500 J kg -1 , 2) site location within the SPC Day 1 1300 UTC Convective Outlook for thunderstorms, and 3) no obvious contamination from the activation of the model's deep convective parameterization, which was determined by visually examining temporal trends in the moisture and temperature profiles using the Buffalo Toolkit for Lake Effect Snow (BUFKIT; Mahoney and Niziol 1997) , and by identifying where and when convective precipitation was produced by the model. These criteria were selected in order to focus on environments in which convective initiation was possible, and to eliminate data quality issues associated with model convection. In total, 56 cases met the aforementioned criteria and were used for RAP model sounding verification. Model performance was qualitatively evaluated by examining the vertical profiles of temperature and moisture, and was quantified by an analysis of surface-based (SB), mostunstable (MU), and MLCAPE. Table 1 . Total error from the 1200 UTC 12-h and 1800 UTC 6-h RAP forecasts of SBCAPE, MUCAPE, and MLCAPE, and the average of the 1200 UTC and 1800 UTC forecast error. The total error is calculated by subtracting observed 0000 UTC CAPE from the RAP forecast CAPE, and is averaged over 46 cases. Negative errors denote under-forecasts by the RAP model. 
Analysis
Of the 56 observed soundings, CAPE was underforecast by both the 1200 and 1800 UTC RAP in 46 (~82%) of the cases, which can be qualitatively shown by comparing forecast versus observed CAPE values to a perfect forecast=observed line (Fig. 2) . Underestimation was notable-average total errors for these 46 cases were 1036 J kg -1 for SBCAPE, 1096 J kg -1 for MUCAPE, and 422 J kg -1 for MLCAPE (Table 1) . For perspective, mean observed SBCAPE, MUCAPE, and MLCAPE values were 2228 J kg -1 , 2288 J kg -1 , and 1411 J kg -1 , respectively, meaning a 3050% error on average (Fig. 3) . The Student's t-test was also performed on the 1200 UTC and 1800 UTC RAP forecasts, and revealed that the difference between the observed and forecast CAPE is less than zero at the 99% confidence level. To better identify the origination of these significant errors in CAPE forecasts, forecast soundings were overlaid on the observed soundings for the four worst forecasts (largest relative error for SBCAPE) using the Universal RAwinsonde OBservation program (RAOB, Shewchuk 2002) . Figure 4 highlights a dry bias in boundary layer moisture for all four soundings, leading to a higher forecast lifted condensation level and lower CAPE. Only small errors in the temperature forecast are indicated in Fig. 4 , which may be a result of the adherence of the observed temperature profile to the dry adiabatic lapse rate. Observed and forecast SBCAPE and convective inhibition (SBCIN) also are displayed in Fig. 4 , quantifying the model forecast errors. It is important to note that convective initiation occurred after 0000 UTC in all four cases; however, the very low forecast values of CAPE may have caused forecasters not to anticipate convection, and the RAP model also failed to activate its convective parameterization. Also of note are the overall temperature and moisture profiles of the observed soundings in Fig. 4 . Qualitatively, the four cases in Fig. 4 are similar in the boundary layer; all are generally dry and feature steep lapse rates originating at the surface. In order to highlight the similarities in these soundings, composite 0000 UTC observed soundings for the four worst forecasts listed in Fig. 4 and the four best forecasts (smallest relative error for SBCAPE; not shown) were created (Fig. 5) . Considerable differences are apparent between the environments that were well versus poorly forecast. Those that were most poorly forecast are much warmer and drier, and have a deeper boundary layer, compared to those that were well forecast. Since all four worst forecasts resulted in forecast CAPE values that were much too low, these results suggest that a dry environment with steep low-level lapse rates, similar to that depicted in the left panel of Fig. 5 , will not be adequately resolved by the RAP and may provide poor guidance to operational forecasters. This is also illustrated in Fig. 6 , which compares percent error in SBCAPE forecasts with the observed surface dewpoint depression at 0000 UTC; the overall trend is for the error to become larger (more negative) as the dewpoint depression increases, again indicating that the largest errors tend to occur in dry, well-mixed environments. Figure 6 . Scatter plot of observed dewpoint depression at 0000 UTC (x-axis) versus forecast percent error for SBCAPE by the 1200 UTC RAP model (blue) and the 1800 UTC RAP model (green). The gray line is a linear trendline fitted to both the 1200 UTC and 1800 UTC datasets.
Discussion
Errors in the representation of near-surface moisture by the RAP have been noted by the Global Systems Division (GSD) of the NOAA Earth System Research Laboratory, leading to several updates in a new version of the RAP (version 2; hereafter, RAPv2). Those that are relevant to the issues discussed in this study include an improved assimilation of surface observations which impacts moisture throughout the boundary layer, and a change in the planetary boundary layer (PBL) scheme from Mellor-YamadaJanjic (MYJ; Janjic 2001) to Mellor-Yamada Nakanishi Niino (MYNN; Nakanishi and Niino 2004), as described by Weygandt et al. (2012) . A recent study by Hu et al. (2010) indicates that the MYJ PBL scheme may be the least accurate scheme available for use in the Weather Research and Forecasting (WRF) model, and is not appropriate for unstable flows. Additionally, it is likely that the older surface observation assimilation method (without the moisture impacts throughout the boundary layer) and the PBL scheme used in the currently operational RAP are at least in part responsible for the errors identified herein, since marked improvement was seen using RAPv2 in cases highlighted by Weygandt et al. (2012) . Although not currently available to operational forecasters through NCEP, RAPv2 (which, along with the HRRR, now also includes the MYNN PBL scheme) is available for viewing online (rapidrefresh.noaa.gov) and is used to initialize the HRRR, another potentially useful tool for severe convective weather forecasting.
Conclusions
During the 2012 spring convective season, RAP model forecasts significantly underestimated buoyancy on several occasions, primarily as a result of errors in forecast boundary layer moisture. In the cases examined, the average underestimation of CAPE was on the order of 1000 J kg -1 , and such large errors could cause forecasters to underestimate the probability and severity of deep convection, especially in moderate-to low-CAPE environments. The largest errors tended to occur in dry, unstable environments with a deep, wellmixed boundary layer, where RAP model forecasts underestimated the magnitude of boundary layer moisture, causing a higher forecast LCL and lower forecast CAPE than was observed. As a result, forecasters should be skeptical of the boundary layer moisture profile in RAP forecasts soundings when deep, well-mixed boundary layers are anticipated.
Knowledge of these biases and comparison of RAP model solutions to other models with different configurations such as the HRRR, NAM, and locally run mesoscale model output, in addition to future improvements to the RAP, will aid forecasters in decision-making when severe weather is possible.
